We improved the CASA model based on differences in the types of land use, the values of the maximum light use efficiency, and the calculation methods of solar radiation. Then, the parameters of the model were examined and recombined into 16 cases. We estimated the net primary productivity (NPP) using the NDVI3g dataset, meteorological data, and vegetation classification data from the Greater Khingan Mountain region, China. We assessed the accuracy and temporal-spatial distribution characteristics of NPP in the Greater Khingan Mountain region from 1982 to 2013. Based on a comparison of the results of the 16 cases, we found that different values of maximum light use efficiency affect the estimation more than differences in the fraction of photosynthetically active radiation (FPAR). However, the FPARmax and the constant Tε 2 values did not show marked effects. Different schemes were used to assess different model combinations. Models using a combination of parameters established by scholars from China and the United States produced different results and had large errors. These ideas are meaningful references for the estimation of NPP in other regions. The results reveal that the annual average NPP in the Greater Khingan Mountain region was 760 g C/m 2 ·a in 1982-2013 and that the inter-annual fluctuations were not dramatic. The NPP estimation results of the 16 cases exhibit an increasing trend. In terms of the spatial distribution of the changes, the model indicated that the values in 75% of this area seldom or never increased.
Introduction
Vegetation is the main component of the terrestrial biosphere, and it plays a critical role in mediating the global carbon balance, mitigating the rise of CO 2 concentrations in the atmosphere, and controlling global climate change. Net primary productivity (NPP) refers to the total amount of organic matter produced by photosynthesis per unit area in a unit of time after the deduction of autotrophic respiration and is also known as net primary productive forces. NPP is the basis of material and energy Estimating the net productivity of vegetation in this region is helpful in understanding the carbon sequestration capacity of the forest system in this area and understanding the climate change response mechanism. Thus, we can better predict the future trend of vegetation productivity and its impact on the carbon cycle, as it can be a reference for ecological compensation policy and sustainable forest development. For these reasons, we chose the Greater Khingan Mountain region as the study area and estimated the NPP with the purpose of verifying the applicability and accuracy of this model. The boundary of the Greater Khingan Mountain is defined by the eco-geographical region map of China [22] , which divides the Greater Khingan Mountain region into four ecological regions: (I) the northern deciduous coniferous forest region; (II) the western side of the northern forest steppe region; (III) the middle steppe forest region; and (IV) the southern steppe region (Figure 1 ).
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Methodology

CASA Model
The CASA is one of the process models for the NPP estimation that uses remote sensing data, and it reflects the influence of natural factors, such as temperature, precipitation, and radiation, on NPP. The specific calculation method and parameter settings are described in Section 3.
Statistical Analysis Method
The data of all the models calculated in this paper are verified with the data obtained from the ground survey via linear correlation analysis.
Trend Analysis Method
The spatial trends of NPP in each pixel were analyzed using the slope of the linear regression equation. The formula is as follows:
where a represents the inter-annual variation trend for NPP in the Greater Khingan Mountain; n is the time series; and NPPj represents the NPP value in the jth year. When a > 0, NPP exhibits an increasing trend; when a < 0, it exhibits a decreasing trend.
Data
GIMMS Dataset
The NDVI data in this paper is the third generation NOAA/AVHRR NDVI data from the Global Inventory Modelling and Mapping Studies (http://ecocast.arc.nasa.gov/data/pub/gimms/3g.v0/, GIMMS NDVI3g). This version of the Global Vegetation Index, released by the National Aeronautics and Space Administration (NASA), provides higher quality data for phenological research at high latitudes. The dataset in this study is in the ENVI standard format, the projection is ALBERS, the time resolution is 15d, the spatial resolution is 8 km, and the time span is from January 1982 to December 2013.
The dataset has been preprocessed with radiation correction, geometric correction, and image enhancement, and the monthly maximum value of NDVI was obtained by the maximum value composite (MVC), which reduces the effects caused by the atmosphere, sensor angle, and solar height angle.
Meteorological Data
The meteorological dataset is derived from data recorded at 97 meteorological stations between 1982 and 2013.
In this paper, the solar radiation data for each site were calculated using the climatic empirical model. According to the geographical coordinates of each site in the dataset, solar radiation, monthly average temperature, and precipitation data were interpolated into a raster dataset using the ordinary kriging method at a spatial resolution of 8 km to match the GIMMS NDVI3g data.
Vegetation Type Dataset
The vegetation type data were obtained from China's 1:1,000,000 vegetation dataset. However, the differences in vegetation types used by different researchers were considered when setting values for SR, NDVI, and ε max . The comparison with the original vegetation types can be found in the following discussion.
Field Data
More than 4000 forest inventory data points for five forest types (larch, birch, pine, spruce, and aspen) were collected, including the quadrat location, quadrat area, volume, tree species, stand age, and diameter at breast height. The NPP was estimated using Equation (2) [23] :
where NPP is in units of Mg ha −1 yr −1 and A is the stand age (year); a and b are constants for a specific forest type. B represents the stand biomass (Mg ha −1 ) and was calculated using Equation (3) [24] :
where B and V are the stand biomass (Mg ha −1 ) and stand volume (m 3 /ha), respectively, and c and d are constants based on the specific forest type. Finally, the mean NPP data in 8 km pixels are calculated to match the remote sensing data.
NPP Estimation
General Framework
The basic principle of the CASA model is that a linear relationship exists between the net primary productivity and the absorbed photosynthetically active radiation (APAR) and actual light use efficiency (ε):
where APAR(x,t) represents the photosynthetically active radiation absorbed by pixel x in month t, and ε(x,t) represents the actual light use efficiency of cell x in month t; the unit for both terms is g C/MJ. The APAR of plants depends on the total solar radiation and the FPAR of photosynthetically active radiation (PAR) and can be described using Equation (5):
where SOL(x,t) is the total solar radiation (unit: MJ/m 2 ) at pixel x in month t; FPAR(x,t) is the ratio of photosynthetically active radiation absorbed by the vegetation layer (unitless); and 0.5 represents the ratio of solar active radiation to total solar radiation that can be used by vegetation.
Potter considered that a maximum light use efficiency exists for plants under ideal conditions and that the maximum light use efficiency under actual conditions is mainly affected by temperature and moisture. This relationship can be expressed using Equation (6):
where T ε1 (x,t) and T ε2 (x,t) denote the effect of temperature stress (unitless), W ε (x,t) denotes the effect of water stress (unitless), and ε max is the maximum light use efficiency under ideal conditions (Unit: g C/MJ). By combining Equations (5) and (6), we obtain Equation (7):
SOL Algorithm
Taking the basic time scale of this study into account, the monthly total solar radiation can be calculated using the daily solar radiation. The daily total solar radiation can be determined via Equation (8):
where S 0 is the atmospheric external solar radiation (unit: MJ/m 2 ·d); T is the period; I 0 is the solar constant; ϕ is the geographical latitude; and ρ, ω 0 , and δ are the relative distance between the sun and the Earth, the solar hour angle, and the solar declination as calculated by Equations (9)- (11), respectively:
where J represents the day of the year.
The daily total solar radiation can be calculated using the relationship between the solar radiation and sunshine percentage, as shown in Equation (12):
where SOL d is the daily total solar radiation (unit: MJ/m 2 ·d), n is the actual sunshine duration, N is the maximum sunshine duration, the units are hours, and the ratio is the sunshine percentage. The terms a and b are two constants and, according to previous research experience and the situation of the study area, are assigned values of 0.207 and 0.725, respectively [25] .
FPAR Algorithm
In this paper, we discuss three kinds of FPAR models using NDVI in the calculations.
FPAR model proposed by Tianhong Li [12].
This model is based on the relationship between NDVI and FPAR provided by the NASA-MOD15 algorithm.
2. FPAR model proposed by Zhu [26] .
This model is based on the research of Sellers.
where NDVI i,max and NDVI i,min correspond to the NDVI maximum and minimum values of the i-th vegetation type, respectively. In this model, the accuracy of the vegetation classification is introduced, and the errors caused by noise in a remote sensing image are eliminated by using the lower quantile. The combined vegetation types, used by both Zhu and this paper, and the maximum and minimum NDVI and SR, are listed in Table 1 . Other research shows [27] that there is a remarkably linear relationship between FPAR and SR, as shown in Equation (15) .
where SR(x,t) can be calculated via Equation (16) and SR i,max and SR i,min represent the 95% and 5% lower quantiles of i-th vegetation NDVI, respectively.
These two methods are combined and the average is taken as an estimate of the FPAR (Equation (17)).
FPAR(x, t) = αFPAR NDVI + (1 − α)FPAR SR (17) where FPAR NDVI is the result of Equation (14), FPAR SR is the result of Equation (15), and α is a constant with a value of 0.5. According to the results of previous studies and field survey data [28] , the range of FPAR should be between 0 and 1, but since the range of FPAR SR in the model cannot be found in the literature, the maximum of FPAR SR can be determined as follows. One methods involves setting the value to 0.95 according to the FPAR SR model proposed by Potter (Equation (18)). Another method involves setting it to 0.90255, which is the result of putting 0.95 into Equation (12), i.e., the combined Potter and Los model.
FPAR model proposed by Potter.
Potter chose the NDVI and vegetation type to represent the FPAR with a maximum of no more than 0.95, as shown in Equation (18) .
where SR(x,t) is the result of Equation (16) The terms T ε1 and T ε2 represent the temperature stress of plant photosynthesis and can be determined using Equations (19) and (20), respectively.
where T opt (x) is the monthly average temperature for a region when the NDVI value is the highest; C is a constant (here, the values of 1.1814 and 1.1919, proposed by Potter and Tianhong Li, respectively, are used for comparison); T is the average monthly temperature; and W represents the moisture stress of plant photosynthesis and ranges from 0.5 to 1:
where E(x,t) is the regional actual evapotranspiration (unit: mm), which can be calculated according to the regional real evapotranspiration model established by Zhou and Zhang [29] (Equation (22)), and E p (x,t) is the area potential evapotranspiration (unit: mm), which can be calculated according to Boucher's complementary formula (Equation (24)).
where E(x,t) is the net amount of surface radiation (unit: MJ/m 2 ) of the pixel x in month t, and P(x,t) is the precipitation in pixel x in t month (unit: mm), which can be obtained by the empirical formula established by Guangsheng Zhou and Xinshi Zhang (Equation (23)).
where E p0 (x,t) is the potential evapotranspiration in an area (unit: mm), which can be calculated using the vegetation-climate model proposed by Thornthwaite (Equations (25)- (27)).
1.514 (27) where I(x) is the heat index from the sum of 12 months, and a(x) is a constant that differs depending on the location.
The Maximum Light Use Efficiency
The monthly maximum light use efficiency has a great influence on the NPP estimation result, and it varies with the vegetation type. In this paper, we compare the results of Zhu [15] and Running [11] . The vegetation types and their corresponding ε max values are listed in Table 3 . 
Model Implementation
According to the above discussion, the four parameters of FPAR, FPAR max , T ε2 , and ε max have different values and calculation methods. To find a more suitable method, all possible values of these four parameters are permutated and combined. We used Equation (7) and set the name of the parameter creator as a code to form 16 kinds of cases, each of which is listed in Table 4 . 
Results and Discussion
Precision Verification and Evaluation
Comparison with Field NPP
In this paper, cases 2 and 4 show the strongest correlations with the ground measured data, while cases 5 and 7 show the weakest correlations (Table 5 ). Changes in ε max lead to the most significant effects on the result, and the correlations of all models can be divided into two categories based on this parameter. The models using the ε max of Running are more strongly related to the field data than those using the ε max of Zhu. The following influential factors are FPAR and FPARmax, and they present varying levels of importance in these two categories. Obviously, the FPAR model proposed by Li is the best one in all the cases. Then, the next best combination is the ε max of Running and the FPAR of Zhu, or the ε max of Zhu and the FPAR of Potter. Though the FPAR of Li is based on plants in Shenzhen, the vegetation coverage and productivity of the plants in the Greater Khingan Mountain region are also very high during the growing season. Thus, the carbon capacity of the plant species is more significant than the overall vegetation type. Consequently, the FPARmax should be 0.916. In contrast, when using the FPAR of Zhu, the FPARmax should be 0.90255. T ε2 has little or no impact on the NPP estimation. Table 6 shows that the estimation results in this paper are similar to those of other scholars when using the same model. Cases 5, 7, 9, 13, and 15 are close to the minima obtained in other studies, whereas cases 2 and 4 are close to the maxima obtained in other studies. Moreover, cases 14 and 16 are close to the average of field data. 
Comparison with Other Researchers Who Used the Same Model
Accuracy Evaluation Summary
Based on the above two methods of accuracy evaluation for the Greater Khingan Mountain region, the selection of ε max has the greatest impact on the estimation results, followed by FPAR and FPAR max , whereas T ε2 does not show a significant effect. Obviously, the FPAR model proposed by Li is the best one in all the cases. The next best combination is the ε max of Running and the FPAR of Zhu or the ε max of Zhu and the FPAR of Potter. The FPAR max should be 0.916. However, when using the FPAR of Zhu, the FPAR max should be 0.90255. All the results are similar to those of previous studies and the observed values. Figure 2 . The former may be related to the double impacts of precipitation and the Greater Khingan Mountain "5 6 large fire" that occurred in 1987. Some studies [30] have shown that the severe fires slowed NPP growth to a certain extent and that the forest then gradually recovered. The study area selected in this paper is much larger than the fire area; thus, the comprehensive results are consistent with the simulations. The dip in 2003 was due to the continuous decline in precipitation leading to successive years of drought starting in 2002. 
Spatial Patterns of NPP Trends
As seen from Figure 3 , the area with decreasing NPP is significantly smaller than the areas with constant or increasing NPP. Three main distributions of the decreasing trend exist. The first one is the southeastern part of the Greater Khingan Mountains, which is located at the juncture of the Inner Mongolia Plateau and the Northeast Plains, west of the Hunshandake Sandy Land and east of the Kerqin Sandy Land. The forest coverage is low, and the ecological environment is poor. Additionally, urban areas are concentrated in this region, and destruction due to urbanization can also lead to a reduced NPP. The second one is the Hulunbuir Pasture Land, where desertification, transition grazing, and reclamation activities have led to a decrease in NPP in this region. The third one is near the city of Holingol. This city is a new industrial city in the hinterland of the Kerqin grassland. The fragility of grassland vegetation and the destruction of the ecological environment by mining development may be the main reasons for the decrease in NPP in this area. 
As seen from Figure 3 , the area with decreasing NPP is significantly smaller than the areas with constant or increasing NPP. Three main distributions of the decreasing trend exist. The first one is the southeastern part of the Greater Khingan Mountains, which is located at the juncture of the Inner Mongolia Plateau and the Northeast Plains, west of the Hunshandake Sandy Land and east of the Kerqin Sandy Land. The forest coverage is low, and the ecological environment is poor. Additionally, urban areas are concentrated in this region, and destruction due to urbanization can also lead to a reduced NPP. The second one is the Hulunbuir Pasture Land, where desertification, transition grazing, and reclamation activities have led to a decrease in NPP in this region. The third one is near the city of Holingol. This city is a new industrial city in the hinterland of the Kerqin grassland. The fragility of grassland vegetation and the destruction of the ecological environment by mining development may be the main reasons for the decrease in NPP in this area. We divided the values into several levels: pixels with values less than 0 represented areas in which NPP decreased; pixels with values between 0 and 2 represented areas with little change in NPP; and pixels with values greater than 2 represented areas in which the NPP increased (Table 7) .
Increasing trends are also distributed in three areas, namely Genhe, the Oroqen Autonomous Banner, and Taipingling. These three sites are located in the foothills of the Greater Khingan Mountain region and feature river irrigation. There are inherent advantages to improving the forest cover by either artificial or natural means. Moreover, in recent years, these three cities have focused on ecological and environmental protection, which is also a force of NPP growth. The ecological status of the Greater Khingan Mountain region was good. From 1982 to 2013, the NPP decreased in 14.77% of the study area, remained unchanged in more than half of the study area, and increased in 9.27% of the study area.
Conclusions
In this study, we estimated the NPP values of different vegetation in the Greater Khingan Mountain region from 1982 to 2013 using GIMMS3g data and 16 cases based on the CASA model with various parameters. By comparing our results with observed NPP data and results from other Chinese researchers, we reached the following conclusions. The selection of maximum light use efficiency, followed by FPAR and FPAR max , has the greatest impact on the estimation results, while T ε2 shows no significant effect on the estimation results. When applying the CASA model to other similar regions, the recommended parameter settings include the ε max of Running and the FPAR of Li. When using the FPAR model of Zhu, the best FPAR max value is 0.90255. Similar temporal and spatial variations in the NPP in the Greater Khingan Mountain region are presented by all cases in this paper, and the overall NPP level in the Greater Khingan Mountain region increased over the 32-year study period. The northern Greater Khingan Mountain region, especially in Genhe, the Oroqen Autonomous Banner, and Taipingling, exhibits an increasing NPP trend. The southeastern Greater Khingan Mountains, Hulunbuir Pasture Land, and Holingol are characterized by decreasing NPP. The NPP in other areas remained unchanged.
When applying the CASA model in other mountain areas, we should pay attention to the following aspects. Firstly, the ε max is more influenced by the carbon capacity of plant species than by the overall type of vegetation. Secondly, existing studies on NPP have emphasized the effects of temperature-and water-induced stress on FPAR, which vary by location. However, the key information provided by remote sensing models is the radiance and reflectance of plants. Therefore, we have to build better FPAR models to improve the accuracy of the estimation. Finally, we need field observation values from areas corresponding to remote sensing images in order to obtain higher-accuracy results.
